Graphical Abstract Highlights d Transcriptome-based cell-type classification in mouse adult hypothalamus d Transcriptional features of oligodendrocyte differentiation and tanycyte subtypes d Neuropeptide and receptor expression patterns of hypothalamic neuronal subtypes d Cell-type-specific transcriptional responses to food deprivation In Brief Chen et al. perform single-cell RNA sequencing analysis of the adult mouse hypothalamus to probe the rich cell diversity of this complex brain region. They also identify neuronal subtypespecific transcriptional responses to food deprivation.
INTRODUCTION
The hypothalamus is one of the most complex brain regions, essential for regulating physiological and behavioral homeostasis. Numerous studies have revealed its role in orchestrating a wide range of animal behaviors (Denton et al., 1996; Elmquist et al., 1999; Navarro and Tena-Sempere, 2011) . Commensurate with its functional diversity, is its highly complex anatomical and cellular composition (Puelles and Rubenstein, 2015; Shimogori et al., 2010) . Works in the last few decades have identified various cell types in hypothalamus based on different properties (Brown et al., 2013; Lee et al., 2015; Mathew, 2008; Wu et al., 2014) . However, a comprehensive cell-type classification of hypothalamus has not been achieved.
Although different methodologies have been used for classifying cell types in the nervous system (Greig et al., 2013; Jiang et al., 2015) , the most direct and unambiguous method to define a cell type is its transcriptional feature, as it underlies other cell features such as morphology, connectivity, and function (Greig et al., 2013; Toledo-Rodriguez et al., 2004) . In addition, gene expression-based cell classification can be reliably and conveniently adapted by the entire research community (Gong et al., 2003) , making data comparison among different groups possible. Indeed, a systematic in situ hybridization (ISH) database has revealed extensive cell-type heterogeneity in brain (Lein et al., 2007) . However, the limitation of ISH on assessing co-expression of multiple genes prevents a definitive cell-type classification.
Recent advances in single-cell RNA sequencing (scRNAseq) have facilitated the transcriptional cataloguing of cell types in many tissues, including those in the nervous system (Gokce et al., 2016; Macosko et al., 2015; Tasic et al., 2016; Zeisel et al., 2015) . While cell diversity in the cerebral cortex (Lake et al., 2016; Tasic et al., 2016; Zeisel et al., 2015) , hippocampus (Zeisel et al., 2015) , and striatum (Gokce et al., 2016) has been cataloged to an unprecedented level, the cost and effort of profiling large numbers of single cells by conventional scRNAseq methods prevent its broader application to highly complex brain regions, such as the hypothalamus. To overcome this challenge, cost-efficient scRNA-seq methods have been developed to achieve high-throughput parallel analysis (Klein et al., 2015; Macosko et al., 2015) , making scRNA-seq analysis of complex brain regions possible.
Here, we applied high-throughput Drop-seq method (Macosko et al., 2015) to profile single cells dissociated from the adult mouse hypothalamus. Through clustering analysis, we identified 11 non-neuronal and 34 neuronal cell types. Data analysis revealed the transcriptional dynamics underlying the oligodendrocyte differentiation, as well as the transcriptional heterogeneity of tanycytes, a hypothalamus-specific non-neuronal cell type whose function remains poorly characterized. Additionally, Figure 1 . Identification of 45 Cell Types in Adult Mouse Hypothalamus by scRNA-Seq (A) Workflow of single-cell RNA-seq of mouse hypothalamus. Hypothalamic tissues were dissected from adult mouse brain and dissociated into single-cell suspension. Single cells and barcoded beads were captured into droplets followed by cDNA synthesis, amplification, and library preparation. After next generation sequencing, cells were classified based on their transcriptomes. (B) tSNE plot showing the overall gene expression relationship among the 3,319 single cells with more than 2,000 genes detected in each cell. Different cell clusters are color-coded.
(legend continued on next page) single-cell transcriptome analysis revealed not only highly divergent expression patterns of neuropeptides and receptors across neuron subtypes, but also Crabp1 + and Pax6 + neuronal populations at specific hypothalamic regions. Furthermore, cell-typespecific transcription responses to food deprivation among various cell types were also revealed. Thus, our study provides a comprehensive gene expression map across divergent cell types in the hypothalamus, which will facilitate broader functional understanding of this complex brain region.
RESULTS

Overview of the Cell Types in Hypothalamus Identified by Single-Cell RNA-Seq
To characterize cellular heterogeneity in the hypothalamus, we performed scRNA-seq using cells dissociated from adult mouse hypothalamus (Figures 1A and S1A) . In five independent experiments, we sequenced more than 14,000 single cells derived from dissociated hypothalamus tissues of seven mice. To assess the cell-type-specific transcriptional response to food-deprivation, four normal fed mice and three food-deprived (24 hr) mice were used. To increase cell number, and considering that 24 hr food-deprivation is a relatively mild treatment that unlikely to cause changes in cell identify, we combined the cells from both control and food-deprived mice for clustering analysis. From the 14,000 cells analyzed, 3,319 cells have more than 2,000 genes detectable in a single cell ( Figure S1B ). Semi-supervised clustering analysis (unsupervised clustering analysis [Macosko et al., 2015] followed by manually filtering [see the Experimental Procedures]) of the 3,319 cells (Figures S1C and S1D) identified 45 cell clusters with distinct gene expression signatures ( Figures 1B and 1C ). We applied the SC3 method to reclassify the same 3,319 cells (Kiselev et al., 2016) and found that the results were largely consistent ( Figure S1E ), demonstrating the reliability of our clustering results.
Based on the expression of the pan neuronal makers Snap25 and Syt1, the 45 cell clusters were divided into 34 neuronal (Snap25/Syt1-high) and 11 non-neuronal clusters (Snap25/Syt1negative or low) ( Figures 1C and 1D ). The 34 neuronal clusters could be further divided into 15 glutamatergic (Glu1-Glu15) and 18 GABAergic (GABA1-GABA18) subtypes based on their differential expression of Slc17a6 and Slc32a1 ( Figures 1C and 1D ). However, the ''Hista'' cluster did not belong to either of the two categories as neither Slc17a6 nor Slc32a1 was expressed in this cluster ( Figure 1C ). Among the non-neuronal clusters (NN1-NN11), Oligo1, Sox9, Cldn5, and C1qa were highly expressed in NN1-NN4, NN5-NN7, NN8-NN9, and NN10-NN11, respectively (Figures 1C and 1D) .
Based on the above clustering results, we re-assigned each of the 14,437 single cells (R800 transcripts detected) to the 45 cell clusters. We found that the cell number increased for each clus-ter (Table S1) . Notably, more cells were categorized into nonneuronal clusters than neuronal clusters (Table S1) , consistent with the fact that neurons express more genes than nonneuronal cells (Zeisel et al., 2015) . Importantly, most of the 3,319 informative cells (R2,000 genes detected) were correctly assigned to the original clusters, and the pooled transcriptome of each cluster before and after adding the cells with <2,000 genes detected had a high Pearson's correlation coefficiency (Table S1 ), indicating that our clustering results based on the 3,319 cells could be reliably extended to the 14,000 cells sequenced. Although some animals did not contribute to all of the 45 clusters, this is likely due to variations in tissue dissection, because each cluster includes cells from multiple animals and different treatments ( Figure S1F ), indicating that neither food deprivation nor different animals affects cell clustering.
Classification of Non-neuronal Cell Types in Hypothalamus
We generated gene expression heatmaps and identified marker genes for each of the non-neuronal clusters ( (Figures 2A and 2B ). These subtypes reflect distinct stages of oligodendrocyte differentiation (Emery and Lu, 2015) . The three Sox9 + cell clusters could also be distinguished from one another by subtype markers Agt (astrocytes [Astro]), Ccdc153 (ependymocyte [Ependy]), and Rax (tanycyte [Tany]) ( Figures  2A and 2B ). The two Cldn5 + endothelial cell subtypes (Endo 1 and Endo 2) were marked by Slc38a5 and Myh11, respectively (Figures 2A and 2B ). The two C1qa + groups expressed either Cx3cr1 or Mrc1 (Figures 2A and 2B ), representing microglia (Micro) and macrophages (Macro). The expression of some non-neuronal subtype markers in mouse hypothalamus is confirmed by ISH data from the Allen Brain Atlas ( Figure 2C ). Although the non-neuronal cell types identified here are similar to those found in other brain regions (Tasic et al., 2016; Zeisel et al., 2015) , tanycytes, localizing in the ventral walls of the third ventricle (3V), were only identified in our dataset, demonstrating the power of our method in capturing region-specific cell types.
Oligodendrocyte Differentiation Is Associated with Dynamic Transcriptional Changes
Identifying OPC, NFO, and MO cell clusters in our dataset indicated that oligodendrocyte differentiation and axon myelination are still taking place in adult hypothalamus. Additionally, the single-cell transcriptomes of oligodendrocytes at different maturation stages provide an opportunity for understanding the transcriptional program of oligodendrocyte differentiation in vivo. To this end, we performed an unsupervised pseudotime analysis with Monocle (Trapnell et al., 2014) , in which OPCs, NFOs, and MOs were linked according to their gene expression profile (Figure 3A) . Based on the established differentiation direction of oligodendrocyte (Emery and Lu, 2015) , we chose the direction of OPCs to NFOs and then to MOs ( Figure 3A ). Sequential expression of Pdgfra, Fyn, and Mog matches this direction ( Figure 3B ), indicating that the pseudotime axis mimics the oligodendrocyte maturation process. To further characterize the transcriptional program underlying oligodendrocyte differentiation, we identified six groups of genes with distinct expression patterns along the differentiation process ( Figures 3C and 3D ; Table  S2 ). Gene ontology (GO) analysis revealed that different biological processes were enriched in different gene groups (Table  S3 ). For example, the genes in groups 1 and 2, which are highly expressed in OPCs but repressed during oligodendrocyte maturation, are enriched for regulation of development and differentiation, while genes in groups 5 and 6 with a low-to-high trend are enriched for axon ensheathment and myelination. Notably, genes in group 3 are high in NFOs, suggesting that these genes might be important for OPCs to MOs transition. Consistently, several genes of this group have been found to play a role in oligodendrocyte differentiation, such as Bmp4 (Samanta and Kessler, 2004) and Gpr17 (Chen et al., 2009) (Figure 3E ). Interestingly, some epigenetic factors, such as Sirt2 and Dnmt3a, are also highly transcribed in NFO ( Figure 3E ), indicating that chromatin remodeling and epigenetic regulation may play an important role during oligodendrocyte maturation.
A very recent study also analyzed mouse oligodendrocyte subtypes and differentiation using scRNA-seq (Marques et al., 2016) . Using Drop-seq, a different scRNA-seq technique, we successfully captured the OPC to MO differentiation process in adult mouse hypothalamus through pseudotime analysis. Importantly, the transcriptional dynamics of stage-specific genes along the developmental axis revealed in our study is highly similar to the other study (Marques et al., 2016) (Figure S3 ), thus validating our approach.
ScRNA-Seq Reveals Transcriptional Features of Tanycyte and Tanycyte Subtypes
Tanycyte is a hypothalamus-specific non-neuronal cell type. The cell bodies of tanycytes occupy the floor and ventrolateral walls of the 3V and project laterally into adjacent hypothalamic regions, including dorsomedial hypothalamic nucleus (DMH), ventromedial hypothalamic nucleus (VMH), arcuate hypothalamic nucleus (ARH), and median eminence (ME) (Bolborea and Dale, 2013) . This morphological feature distinguishes tanycytes from neighboring ependymocytes that occupy dorsal walls of the 3V (Goodman and Hajihosseini, 2015) ( Figure 4A ). Previous studies have revealed important functions of tanycytes in regulating en-ergy homeostasis through diverse mechanisms (Goodman and Hajihosseini, 2015) , but the underlying molecular mechanism remains largely unknown.
Our clustering analysis identified a Rax + tanycyte cell cluster , which is distinct from the Ccdc153 + ependymocyte cluster (Figures 2A and 2B) , indicating that tanycytes are transcriptionally distinct from ependymocytes and other cell types ( Figure S4A ). Consistent with previous studies (Lee et al., 2012; Robins et al., 2013) , we found that the radial glia makers Nestin (Nes) and Vimentin (Vim) are highly transcribed in tanycytes ( Figure S4B ), suggesting that these cells may originate from embryonic radial glia and function as neural stem cells in adult hypothalamus (Lee et al., 2012) . However, both Nes and Vim are also highly expressed in ependymal cells (Figure S4B) and as such cannot serve as tanycyte-specific markers. To characterize the molecular features of tanycytes and their neighboring ependymal cells, we compared the transcription profiles of these two cell clusters ( Figure 4B ), which revealed many genes that are differentially expressed in tanycytes and ependymocytes (Table S4 ). GO analysis of the tanycyte-specific genes identified terms that include signal transduction, GPCR signaling pathway, and modulation of synaptic transmission (Figure S4C) , consistent with the known function of tanycytes in transmission of metabolic signals to neurons in regulating homeostasis (Goodman and Hajihosseini, 2015) . The tanycyte-enriched genes include Col23a1, Slc16a2, Lhx2, and Ptn ( Figures  4C and S4D ), some of which have been linked to tanycyte development and function, such as Lhx2 (Salvatierra et al., 2014) and Slc16a2 (Mayerl et al., 2014) . To test the potential of these differentially expressed genes to serve as tanycyte-and ependymocyte-specific markers, we examined their expression pattern in mouse brain with the ISH data from Allen Brain Atlas. Data shown in Figures 4C and S4D confirmed that these genes marked different cell populations along the dorsal-ventral axis of the 3V walls, which is consistent with the known location of tanycytes and ependymal cells ( Figure 4A ).
In addition to identifying tanycyte-specific markers, we further analyzed transcriptional heterogeneity among the tanycyte subtypes. Currently, tanycytes are separated into different subpopulations based on their physical location: dorsal tanycytes projecting to DMH and VMH are named a tanycytes, which are further divided into more dorsal a1 subtype and more ventral a2 subtype, the cells distributed at the ventral 3V walls that are in contact with ARH are termed b1 tanycytes, and the cells located at the bottom of the 3V walls that are in contact with ME are regarded as b2 tanycytes (Mathew, 2008) . The lack of reliable molecular markers of tanycyte subtypes is a major hurdle preventing understanding tanycyte subtype-specific function. To overcome this hurdle, we attempted to identify tanycyte subtype markers by analyzing the scRNA-seq data of the tanycytes. We first identified highly variable genes within tanycyte cluster through principle components analysis (PCA). By plotting these genes on the tSNE map and comparing these with the public ISH dataset, we found a good correlation between the distribution pattern of the candidate marker genes on tSNE map and their in situ expression pattern along the ventral-dorsal axis (Figure 4D) . For example, the Slc17a8 and Col25a1 located in the two most distal parts of the tSNE map are consistent with the ISH data showing that they are expressed in the most dorsal-and ventral-tanycyte cell populations, respectively ( Figure 4D ). Based on the tSNE map and ISH data, and considering the spatial distribution of tanycyte subtypes (Mathew, 2008) , we believe that Slc17a8 and Col25a1 can serve as potential markers for a1 and b subtypes, respectively. Similarly, the expression patterns of other tanycyte subtype-specific genes can be predicted based on tSNE map (Figures 4D and S4E ) and some of these are supported by ISH data ( Figure 4D ). Notably, although specific marker genes (or combinations of marker genes) can be used to roughly separate tanycyte subtypes, many genes exhibited a gradient, rather than a clear-cut distribution across tanycyte subpopulations ( Figures 4D and S4E) , consistent with the notion that tanycytes may be composed of continuous cell trajectory with transition zones between different subtypes (Mathew, 2008) .
The Hypothalamus Harbors Multiple Transcriptionally Distinct Neuron Subtypes
Our clustering analyses identified 15 glutamatergic neuron subtypes (Glu1-GLu15), 18 GABAergic neuron subtypes (GABA1-GABA18), and 1 histaminergic neuron cluster (Hista) expressing high levels of Hdc but negligible Slc17a6 or Slc32a1 ( Figure 1C ). We generated single-cell transcriptome heatmaps ( Figure S5A ) and visualized the glutamatergic and GABAergic neuron subtypes by tSNE ( Figures 5A and 5B ). In addition, potential subtype-specific marker genes for each of the 34 neuronal clusters were identified (Table S5 ). The majority of the 34 neuronal clusters contain subtype-specific genes that are unique to that cluster, and in some cases, a neuron cluster could be defined by the combinatorial expression of marker genes ( Figures 5C and 5D) . As expected, a number of neuron subtypes are distinguished by the expression of specific neuropeptides. For example, Kiss1 and Pomc could represent Glu11 and Glu13 cell clusters, respectively ( Figure 5C ), while Vip and Agrp could represent GABA9 and GABA15 cell clusters, respectively ( Figure 5D ). Additionally, many transcription factors (e.g., Foxb1 for Glu5, Npas1 for GABA2, Lhx8 for GABA5) exhibited neuron subtype-specific expression pattern ( Figures 5C and 5D ) consistent with their role in controlling neuron differentiation and identity.
Based on expression of the marker genes, many neuronal subtypes identified here could be assigned to neuron subtypes already described in the hypothalamus. For example, in glutamatergic clusters, Glu5 represents neurons in the mammillary body (MM) that express Foxb1 (Figure S5B ), while Glu11 and Glu13 represent Kiss1 + and Pomc + neurons in ARH. On the other hand, the GABA8 and GABA9 clusters represent Avp + and Vip + neurons in the suprachiasmatic nucleus (SCH), while GABA11 and GABA15 clusters represent Ghrh + and Agrp + neurons in ARH. In addition to confirming known hypothalamic neuron subtypes, our dataset also revealed gene expression features in specific neuron clusters. For example, Cartpt and Cck are actively transcribed in the Glu5 cluster (Foxb1 + neuron in MM), while Prph and Wif1 were co-expressed with Hdc in the Hista cluster (histaminergic neurons in tuberomammillary nucleus), both of which were verified by ISH ( Figures S5B and S5C) . Additionally, we found that the combined expression of Sst and Prdm8 defines the Sst + neuroendocrine cells ( Figure 5C , Glu15) located in PVpo (periventricular hypothalamic nucleus, preoptic part) with known function in regulating growth hormone secretion (Murray et al., 2015) , but without a definitive molecular marker. We confirmed the co-expression of Sst and Prdm8 in PVpo, but not in cortex, by immunostaining ( Figure S5D ). Collectively, these results demonstrate that our unbiased scRNA-seq analyses are able to reveal cell types as well as cell-type-specific transcriptional features in the hypothalamus.
Relationship among Neuron Subtypes Assessed by Transcriptome
Currently, the developmental relationship among the different neuron subtypes in the hypothalamus is largely unknown. Taking advantage of the scRNA-seq dataset, we performed pairwise comparison and hierarchical clustering analyses on the glutamatergic and GABAergic neuron populations to assess their relationship based on transcriptome ( Figure S5E ). Interestingly, we found six glutamatergic clusters (Glu10 to Glu15), which represented different neurosecretory cells, are clustered together ( Figure S5E ). The separation of these neurons from the other glutamatergic subtypes indicates that these neurons possess distinct transcriptional programs that may reflect their distinct developmental process and functional properties. On the other hand, among GABAergic clusters, the SCH Vipr2 + (GABA8) and Vip + (GABA9) neurons clustered together ( Figure S5E ), consistent with their similar developmental origin (VanDunk et al., 2011) and function (regulating circadian rhythm) (Dibner et al., 2010) . These observations indicate that our cell-type-specific transcriptomic dataset has the potential to reveal lineage relationship and functional relevance among the various hypothalamic neurons.
Divergent Expression Patterns of Neuropeptides and Receptors across Neuronal Subtypes
The expression and function of various neuropeptides in the hypothalamus has been widely studied. However, a comprehensive expression profile of neuropeptide and receptors in the hypothalamic neurons is still unavailable. Thus, we assessed the expression profile of different neuropeptides and receptors in different hypothalamic neuron subtypes and found a highly divergent expression pattern among the various neuronal subtypes ( Figures 6A and 6B and S6) .
First, we found that the expression of the majority of neuropeptide genes is restricted to one or a few neuron subtypes. For example, Kiss1, Pomc, Npvf, Vip, and Agrp are each expressed in only one neuron subtype, while Tac2, Cck, Sst, and Npy are each expressed in two to four neuron subtypes with distinct patterns (Figures 6A and 6C ). However, some neuropeptide genes, such as Adcyap1, Cartpt, and Gal, are expressed in multiple neuron subtypes ( Figure 6A ), consistent with their broad distribution in hypothalamus ( Figure 6D ). Although previous studies have used ISH or immunostaining to assess the co-expression of different neuropeptides, these methods can only profile a limited number of neuropeptides and neuron subtypes. Taking the advantage of our scRNA-seq dataset, we analyzed the gene expression profile of all detectable neuropeptides in the hypothalamic neuron subtypes. We found that co-expression of multiple neuropeptides is a common feature of many hypothalamic neurons. For instance, Npy is also expressed in Agrp + neurons (GABA15) and Cartpt is also expressed in Pomc + neurons (Glu13) ( Figure 6A ), which are consistent with previous findings (Schwartz et al., 2000) . In addition, we found that Sst + neurons (GABA1) express Npy, while Foxb1 + neurons (Glu5) co-express Cck, Adcyap1, and Cartpt ( Figure 6A ). Interestingly, Ghrh co-expresses with Trh in a glutamatergic population (Glu10) ( Figure 5C ), but also co-localizes with Gal in a GABAergic neuron subtype (GABA11) ( Figure 5D ). The extensive co-expression of multiple neuropeptide genes in a neuron subtype suggests complex crosstalk among different peptide signaling pathways.
Expression of a specific neuropeptide in certain neuron subtypes determines a specific signal that can be sent from these cells. Conversely, expression of a specific neuropeptide receptor indicates that these cells can receive a specific signal. Thus, we also analyzed the gene expression profiles of neuropeptide receptors among the various hypothalamic neuron subtypes. We found that like the expression profile of neuropeptides, the expression profile of neuropeptide receptors mRNA is also very diverse ( Figures 6B and S6B) . Some receptor genes are expressed in only one or a few neuron subtypes, such as Vipr2 (GABA8) and Ghr (Glu15 and GABA15) ( Figures 6B and 6E) , which are consistent with previous studies (Harmar et al., 2002; Murray et al., 2015) . In contrast, several peptide receptor genes, such as Irs4, Sstr1, OPrl1, and Adcyap1r1, are broadly expressed in multiple neuron subtypes ( Figures 6B and 6E ), suggesting extensive regulatory roles of these signaling pathways in the hypothalamus. Notably, a number of neuropeptide receptors genes are coexpressed with their ligands in some neuron subtypes, such as Tacr3 in Tac2 + neurons (Glu11), Sstr1 in Sst + neurons (GABA1 and GABA14), and Npy2r in Npy + neurons (GABA15) ( Figures 6A and 6B) , indicating that a feedback mechanism may be used to regulate the corresponding neuropeptide secretion in these neuron subtypes.
Earlier studies on peptidergic neuron function in hypothalamus have paid less attention to the role of fast synaptic transmission mediated by conventional neurotransmitters. However, the potential interactions between slow-acting peptidergic signals and fast ionotropic signals are supported by some recent studies, which suggest an essential role of GABA/glutamate-mediated synaptic transmission in controlling animal behaviors in certain peptidergic neurons (Krashes et al., 2014; Tong et al., 2008) . Consistently, our dataset shows that all hypothalamic peptidergic neurons can be categorized into either glutamatergic (Slc17a6 + ) or GABAergic (Slc32a1 + ) ( Figure 6A) , indicating that most, if not all, peptidergic neurons could communicate with downstream targets through fast synaptic transmission. Notably, the neurotransmitter and neuropeptide present in the same neuron do not necessarily function simultaneously because they are packed into different types of vesicles and respond to distinct neuronal activity (Ludwig and Leng, 2006) .
Collectively, our data provide a comprehensive neuropeptide and receptor expression profile of hypothalamic neuron subtypes, which suggests complex crosstalk among the different neuropeptide signaling pathways, between neuropeptides and neurotransmitters, and between different peptidergic neuron populations.
Neuronal Subtypes Revealed by Single Cell RNA-Seq
Unbiased scRNA-seq is capable of de novo discovery of cell types with distinct transcriptional features. Indeed, we identified several neuronal subtypes with specific molecular markers from our dataset. For instance, we found that Crabp1, which encodes a retinoic acid binding protein, is highly expressed in the GABA12 cluster ( Figure 7A ). ISH and immunostaining showed that this gene is restricted to the ARH across the hypothalamus ( Figure 7B ), suggesting that it marks a distinct neuronal subtype in this region. To exclude the possibility that Crabp1 is expressed from other known cell populations located in ARH, we queried the expression of Kiss1, Pomc, Ghrh, Th, and Agrp in Crabp1 + neurons. All of them are highly expressed in specific cell types in ARH ( Figure 7A ). Our data showed that none of these genes are expressed in Crabp1 + neurons ( Figure 7A ), supporting the notion that the Crabp1 + neurons represent a cell type in ARH. Another neuron subtype identified in our study is the Pax6 + GABAergic neuron (GABA6). Pax6 has an established function in neural development (Ypsilanti and Rubenstein, 2016) , but its expression profile and function in the adult brain is largely unknown. A recent study has identified a Pax6 + interneuron population in layer I of cerebral cortex (Zeisel et al., 2015) . Here, we found that Pax6 is specifically expressed in the GABA6 cluster ( Figure 5D ). Both ISH and antibody staining support the (legend continued on next page) localization of Pax6 + neurons in the zona incerta (ZI) ( Figure 7C ), a hypothalamic region whose cell composition and function are poorly understood. Identifying Crabp1 + and Pax6 + neuronal subtypes in the hypothalamus has set the stage for dissecting their specific functions in the hypothalamus.
Cell-Type-Specific Transcriptional Response to Food Deprivation Revealed by scRNA-Seq Hypothalamus is an important brain region controlling feeding and metabolism (Schwartz et al., 2000) . Classification of the various neuronal subtypes allows us to identify the neuron subtypes involved in regulating feeding behavior. To this end, we examined the transcriptional response to food deprivation across the hypothalamic neuronal subtypes by comparing single-cell gene expression profiles between ad libitum fed and food-deprived mice. The results revealed that food deprivation has differential effects on gene expression of the various hypothalamic neuron subtypes. The differentially expressed genes (DEGs) are mainly enriched in Glu5, Glu8, Glu12, GABA1, GABA11, GABA15, and GABA18 clusters ( Figures 7D and S7A ; Table S6 ), indicating that these neuronal subtypes are the main cells responding to food deprivation. Identification of the Agrp + (GABA15), Ghrh + (GABA11), and Npvf + (Glu12) neurons as food deprivation-responding cell types are consistent with previous studies (Henry et al., 2015; Murray et al., 2015; Wahab et al., 2015) and thus validate our approach. Importantly, scRNAseq uncovered cell types, such as MM neurons (Glu5), that were not previously linked to energy homeostasis, exemplifying the ability of our unbiased approach in revealing neuron subtype-specific functions. GO analyses showed that DEGs identified in different neuronal clusters are enriched for genes of distinct functions ( Figure S7B ; Table S7 ) indicating that different neuronal subtypes are functionally different. To confirm the gene expression changes revealed by scRNA-seq, we first focused on Agrp + neurons (GABA15), which are known for controlling feeding and energy expedition. Immunostaining showed that the Agrp level was significantly increased upon food deprivation ( Figure 7E ), consistent with our scRNA-seq result and previous knowledge (Henry et al., 2015) . Additionally, immunostaining confirmed upregulation of Trim28 in Ghrh + neurons (GABA11) in the ARH and increased expression of Cirbp in MM neurons (Glu5) upon food deprivation ( Figures 7F and 7G) .
DISCUSSION
Comprehensive Cell-Type Classification in Hypothalamus Can Facilitate Its Functional Study
Understanding the cell composition and cell-type-specific transcription features of the hypothalamus is essential for understanding the function of this important brain region. Several pre-vious studies have attempted to characterize the cell types in the hypothalamus based on cell location, morphology, connection, function, and marker gene expression (Brown et al., 2013; Lee et al., 2015; Mathew, 2008; Wu et al., 2014) . However, a systematic hypothalamic cell map of transcriptomic features is still lacking. Using the Drop-seq technique (Macosko et al., 2015) , we profiled transcriptomes of more than 14,000 single cells and identified 45 transcriptionally distinct cell subtypes in the adult mouse hypothalamus. Most of the non-neuronal cell types identified in this study are similar to those found in the cerebral cortex (Zeisel et al., 2015) , suggesting that most non-neuronal cells are widely distributed across various brain regions. In contrast, the neuronal cell types are largely hypothalamusspecific, indicating that different neuron composition underlies distinct functions of different brain regions. Our work, therefore, provides a comprehensive overview of hypothalamic cell types based on their transcriptional features, which will greatly facilitate functional studies of hypothalamus.
First, the cell-type-specific markers identified here provide an unambiguous cell-type definition, which can help to unify studies from different laboratories to resolve confusion generated due to the use of different criteria in defining cell types. Second, the information of unique and combinatorial markers for different cell types enable the development of genetic or viral tools to achieve cell-type-specific labeling and manipulation, which is essential for dissecting cell-type-specific function in such a complex brain region. Third, by assessing the relationship of different hypothalamic cell types based on transcriptional profiles, hypotheses regarding the development and function of different cell subtypes can be generated and tested, which in turn can advance our understanding of hypothalamus. Fourth, identifying Crabp1 + neurons in ARH and Pax6 + neurons in ZI indicates that uncharacterized neuron subtypes in hypothalamus still remain, even within a relatively well-studied region such as the ARH.
Divergent Expression Pattern of Neuropeptides and Receptors in the Hypothalamus
Understanding the expression and function of various neuropeptides has long been an interest of the hypothalamus scientific community. Our scRNA-seq datasets provide a comprehensive expression profile of neuropeptides and their receptors across hypothalamic neuron subtypes. Analysis of this expression profile has revealed several important features. First, neuropeptides feature a very divergent expression pattern and that cellular heterogeneity can be largely resolved based on the expression of a specific neuropeptide or a combination of neuropeptides. Second, co-expression of multiple neuropeptides can be analyzed in our dataset, thus facilitating the study of crosstalk among different neuropeptide signals. Third, by examining the distribution of neuropeptides and corresponding receptors, the (E) Violin plots and immunostaining showing that Agrp is upregulated by food deprivation. Fed, n = 62; FD, n = 50. Fold change = 1.52, p = 0.00016. Fed, normal feeding; FD, food deprivation. Scale bars, 100 mm. (F) Violin plots and immunostaining showing that Trim28 is upregulated in ARH by food deprivation. Fed, n = 16; FD, n = 19. Fold change = 2.76, p = 0.00081. Scale bar, 100 mm. (G) Violin plot and immunostaining showing that Cirbp in MM neurons is upregulated by food deprivation. Fed, n = 103; FD, n = 97. Fold change = 1.97, p = 0.00099. Scale bars, 200 mm. See also Figure S7 . potential regulatory relationship within individual neuron subtypes or among different neuron populations can be analyzed, revealing complex intra-or inter-population regulation. Fourth, our analysis has uncovered extensive overlap between neuropeptide and conventional neurotransmitters across hypothalamic neuron subtypes, indicating a functional interaction between the two neuronal signaling systems, which begs for further studies on the crosstalk between the slow peptidergic signaling and the fast ionotropic signaling.
Gene Expression Features of Tanycyte and Tanycyte Subtypes
Tanycyte is a hypothalamus-specific, non-neuronal cell type. Accumulating evidence suggests its diverse physiological functions in neuroendocrine, metabolism, and neurogenesis (Goodman and Hajihosseini, 2015) . However, the molecular features underlying tanycyte heterogeneity and diverse function have been elusive. Our scRNA-seq dataset not only confirm tanycyte as a distinct cell type, but also reveal tanycyte-specific markers that can be used to distinguish them from ependymal cells. More importantly, by analyzing single-cell transcriptomes of tanycytes, we identified tanycyte subtypes with distinct transcription profiles. The tanycyte-and tanycyte-subtype-specific marker genes identified will allow the development of genetic tools for achieving cell-(sub)type-specific manipulation for dissection the function of tanycyte and tanycyte subtypes.
Revealing Cell-Type-Specific Transcriptional Response to Food Deprivation In addition to cell-type classification, scRNA-seq can be applied to dissect cell-type-specific transcriptional dynamics in complex tissues under different physiological and pathological conditions. This is particularly important for the nervous system that has great cell heterogeneity and cell-subtype-specific functions (Knight et al., 2012) , but conventional RNA-seq cannot resolve such level of cell-type heterogeneity. As a proof-of-principle study, we compared the transcriptional program between normal-fed and food-deprived animals across hypothalamic neuronal subtypes, which revealed 7 out of the 34 subtypes exhibit significant transcriptome changes. The analysis not only revealed the specific neuronal clusters that respond to food deprivation, but also uncovered cell types that have not been previously linked to feeding and energy homeostasis, thus highlighting the capability of unbiased single-cell profiling in revealing biological insight into brain functions.
EXPERIMENTAL PROCEDURES Animals
All animal experiments followed the guidelines of the Institutional Animal Care and Use Committee at Harvard Medical School. Young adult female (8-to 10-week-old) B6D2F1 mice (C57B6 female 3 DBA2 male) were used. One day before the experiments, each animal was separated into individual fresh cages. For 24 hr food deprivation treatment, only water was provided.
Tissue Dissection, Single-Cell Dissociation, and Library Construction The hypothalamus tissue was dissected from acute brain slices of adult (8-to 10-week-old) mice. The tissue was dissociated into single-cell suspension us-ing a papain-based dissociation protocol (Brewer and Torricelli, 2007) with some modifications (see the Supplemental Experimental Procedures). The single cells and barcoded-beads were captured into nanoliter-sized droplets with microfluidic device, followed by library construction as previously described (Macosko et al., 2015) .
Cell Clustering
The 3,319 cells with at least 2,000 genes detected in each single cell were used for clustering analysis. To classify the cells, the R package Seurat was used (Macosko et al., 2015) . The highly variable genes were identified from these cells using Seurat with the default setting. Then these highly variable genes were used for principle component analysis (PCA). The statistically significant PCs were used for two-dimension t-distributed stochastic neighbor embedding (tSNE). Based on the tSNE map, density-based clustering (DBSCAN) was used to cluster cells based on their proximity, resulting in 40 clusters. The largest neuronal cluster containing 1,574 cells was extracted for further clustering using the same strategy described above. The same analysis was repeated for another two rounds. In total, 73 cell clusters were identified. Following this unsupervised clustering analysis, we further filtered out clusters representing double droplets, clusters from non-hypothalamic tissues, as well as clusters with less than ten cells (see the Supplemental Experimental Procedures). After filtering, a total of 45 cell clusters were identified.
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